1. Introduction

34
[2] Space-borne earth observations are increasingly 35 becoming the prime source of hydro-meteorological forcing 36 data for off-line land surface models (LSM) used to charac-37 terize land-vegetation-atmosphere interactions. Two widely 38 used systems that rely on off-line LSMs and satellite data to 39 provide high-resolution estimates of the land surface hydro-40 logic state are the Global Land Data Assimilation System 41 (LDAS [Roddell et al., 2004] ) and the Land Information 42 System (LIS (S. V. Kumar et al., LIS-An interoperable 43 framework for high resolution land surface modeling, sub-44 mitted to Environmental Modelling and Software, 2004) ). A 45 recent study by Syed et al. [2004] has shown that most 46 of the variability (70% -80%) of terrestrial hydrology is 47 attributable to precipitation. Consequently, satellite rainfall 48 estimation at regional and global scales and its error inter-49 action with LSMs demand proper attention as being some of 50 the most important input components dictating LDAS/LIS 51 prediction accuracy.
52
[3] Satellite rainfall data takes greater importance when 53 we consider the anticipated increased availability of passive 54 microwave (PM) satellite sensor observations from the 55 Global Precipitation Measurement mission (GPM [Bidwell 56 et al., 2002; Yuter et al., 2003] satellite rainfall products to high-resolution hydrologic 76 models can form the basis for studying the criteria for the 77 optimal use of satellite rainfall data in the study of conti-78 nental water and energy cycle [Hossain and Anagnostou, 79 2004 , 2005a , 2005b .
80
[5] For the accurate modeling of satellite rain retrieval 81 error, it is important to recognize that the desired progres-82 sion to finer space-time scales in satellite rain estimation is 101 off-line LSM driven by satellite rainfall data. Soil moisture 102 is the main variable that controls water and energy fluxes 103 between land surface and the atmosphere. Yet, little is 104 known about the complex dependence of soil moisture 105 accuracy on the error characteristics of precipitation. A 106 point to note is that in this investigation we are not 107 concerned with the absolute accuracy of soil moisture 108 simulation per se, which is an entirely independent topic 109 related to modeling structure and process conceptualization. 110 We rather concentrate on the role of satellite rain retrieval 111 error relative to the most definitive rainfall source (i.e., 112 rainfall data from a rain gauge-calibrated ground weather 113 radar system).
2. Data, Study Region and Methods
115
[7] The Two Dimensional Satellite Rainfall Error Model 116 (SREM2D) of Hossain and Anagnostou [2005b] is used 117 to model the multi-dimensional satellite retrieval error 118 characteristics. This is currently the most detailed and 119 modular error model comprising nine dimensions available 120 for fine-scale assessment of satellite rainfall algorithms. The 121 major algorithm components are: (1) the joint probability 122 density function for characterizing the spatial structure 123 of the successful delineation of rainy and non-rainy areas; 124 (2) the temporal dynamics of rain estimation bias; and 125 (3) the spatial structure of the random rain rate estimation 126 error. We stress that satellite rain retrieval uncertainty is 127 associated with correlated rain/no-rain detection and false 128 alarm error characteristics, as well as systematic and random 129 rain rate error components with long spatio-temporal 130 correlation lengths. These components are explicitly char-131 acterized in SREM2D.
132
[8] In this study we used hourly IR rainfall data products 133 as our satellite rainfall source, and coincident hourly radar 134 rainfall fields as ground ''truth'' reference in SREM2D. In 135 terms of IR retrievals, we selected the operational NASA 136 product IR-3B41RT [Huffman et al., 2003 ] available at 137 0.25 deg and hourly. Radar rainfall fields were derived 138 from WSR-88D observations using National Weather 139 Service precipitation estimation algorithm with real-time 140 adjustments based on mean-field radar-rain gauge hourly 141 accumulation comparisons [Fulton et al., 1998 ]. To mini-142 mize effects due to complex terrain the calibration exercise 143 was performed over the region of Oklahoma bounded by 144 À100°W-95°W and 37°N-34°N (Figure 1 which, for SREM2D, was found to be less than 30%.
167
Further details on the SREM2D calibration of error param- 
